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Abstract 
Endogenous demand responses for energy services, resulting from changing prices, have long been 
characterised in energy systems models.  However, the uncertainty associated with such demand 
responses, modelled through the use of price elasticities, has often been ignored. This is problematic 
for two key reasons – elasticity factors used in models are highly uncertain due to the limited evidence 
base, while at the same time, demand response has been observed as a critical mechanism for meeting 
longer term climate mitigation targets. This paper makes two important contributions to improving 
understanding of the role of price-induced demand response. Firstly, it attempts to address the problem 
of unsatisfactory elasticity input assumptions by undertaking an up-to-date review of the literature. 
Secondly, the role of demand response under uncertainty is assessed using a probabilistic approach, 
focusing on its contribution to mitigation. The paper highlights that demand response does play a critical 
role in mitigation, ensuring a more cost-effective transition to a low carbon energy system. Crucially, 
the uncertainties associated with price elasticities do not weaken this finding. The transport sector is the 
driver of this demand response leading to important implications for policy and the focus of demand 
side interventions. 
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1. Introduction 
The challenge of meeting medium to long term decarbonisation targets cost-effectively not only 
requires the large scale uptake of low carbon technologies and fuels but also behaviour change. The 
role of behaviour change, alongside technological solutions, has been an emerging theme of many 
international and national modelling assessments. In a review of low carbon transition modelling 
analyses, Strachan et al. (2008) concludes that low carbon scenarios are technologically feasible given 
expected progress in low-carbon measures and the behavioural change required to adopt technologies 
and complement them with emissions reductions. This conclusion emerges strongly from other high 
profile international modelling studies such as the Energy Technology Perspective (ETP, IEA 2012) 
and the Global Energy Assessment (GEA, Nakićenović (Ed.) 2012). The ETP highlights the important 
role of modal shift in the transport sector and preferences for vehicle type, and the impacts of behaviour 
on energy use in residential buildings. The GEA highlights the need for a change in culture and lifestyles 
as part of the wider strategy for a more sustainable, low carbon energy system. 
Energy systems models (ESMs) have emerged as an important energy modelling approach for exploring 
pathways for meeting long term decarbonisation targets. Nowhere has their systematic use for national 
strategy development been as well demonstrated as in the UK. Since 2000, following the landmark 
publication by the RCEP (2000), proposing a 60% national decarbonisation goal, energy system models 
have provided supporting analysis to each energy strategy (Strachan et al. 2009), strategies which have 
led to the establishment of a legislative act mandating a carbon reduction target of 80% reduction in 
GHG emissions in 2050, relative to 1990 levels, and a set of ambitious mid-term carbon budgets (DECC 
2011). All modelling analyses have highlighted the affordability of ambitious low carbon targets but 
the requirement for investment in a diverse mix of technology options and the requirement for 
behavioural change (Ekins et al. 2013). 
One feature often used to represent a key aspect of behaviour change in ESMs is price elastic demands. 
This allows for demand for energy services to be endogenously determined based on changing prices 
for those services. In the case of climate targets, investment in low carbon technologies and fuels drive 
up prices for energy services, leading to reductions in demand. The role of demand reduction under 
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carbon targets has been identified as critical for delivering ambitious mitigation targets, particularly in 
sectors where technical supply-side measures are higher cost or their potential is limited. Anandarajah 
et al. (2009) estimate demand reductions of up to 25% for residential and industrial sectors under the 
UK’s 80% reduction target in 2050.  A recent UK modelling study suggests that the technical feasibility 
of meeting the 80% decarbonisation goal would not be possible without demand reduction (AEA 2011). 
Chen et al. (2007) underline the importance of demand reduction in their analysis of mitigation costs in 
China, estimating a resulting 60% reduction in marginal abatement costs in 2020. Other analyses also 
support the importance of demand reductions in climate mitigation both in the UK (AEA 2008), and 
globally (Kesicki and Anandarajah 2011). Given the criticality of demand reductions to a low carbon 
system transition, assumptions need to be as robust as possible. 
However, two key problems are associated with the modelling of demand response in ESMs. Firstly, 
elasticity assumptions have often been poorly defined, unclear what they represent (short or long run, 
final energy demand or energy service demand), been subject to limited review, and taken from a limited 
empirical evidence base. Secondly, as a result, these model input assumptions are highly uncertain. In 
this paper, the characterisation of price-driven demand response is improved via an up-to-date review 
of the literature, and innovative probabilistic implementation of price elasticity uncertainties in the UK 
Energy Systems Modelling Environment (ESME) model. The improved characterisation of demand 
response in ESME allows for more robust insights into its role across different sectors and the trade-
offs with supply-side options (including technical energy efficiency measures), and the impact of 
uncertainty associated with demand side response in a systems context. 
Section 2 provides a review of the literature, briefly examining the role of demand response as 
highlighted in recent mitigation modelling analyses, and then focuses on a review of the literature on 
price elasticity assumptions. It then describes the energy system modelling framework used for 
exploring demand response, the ESME model, and the approach to modelling price elasticities. Section 
3 present the results of the analysis, followed by a discussion of the insights from the analysis in section 
4. Finally, section 5 discusses the implications of the research for policy and outlines further research 
needs. 
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2. Material and methods 
 
2.1 Literature Review: Price elasticities for energy service demands 
2.1.1 The challenges of implementing demand response in ESMs 
The strength of energy systems models (ESMs) is their integrated approach to modelling of energy 
supply and demand, providing rich detail on the technologies and fuels that will be required to meet 
future energy demands under a range of possible scenarios. Well known models, such as 
MARKAL/TIMES (Fishbone et al. 1981, Seebregts et al. 2002) and MESSAGE (Messner and 
Schrattenholzer 2000), use linear programming to assess cost-optimal mixes of technologies, based on 
technical costs associated with energy system development. The focus of such models on supply-side 
representation draws attention to the deficiencies in the representation of demand side and behavioural 
factors, as highlighted by Hourcade et al. (2006), and Schafer (2012).  
However, the inclusion of price elastic demands, a key feature of representing price-driven behaviour, 
has long been a feature of ESMs. First implemented in MARKAL models by Loulou and Lavigne 
(1996), it is now a feature of most ESMs (Bhattacharyya and Timilsina 2009), and is described in more 
detail in section 3. It allows for the modelling of endogenous trade-offs between investment in low 
carbon technologies and fuels, including end use sector energy efficiency and conservation, and the loss 
of welfare associated with reducing demand (due to price increases, not through voluntary reductions). 
Most ESMs use own price elasticities, which measure the percentage change in the quantity demanded 
of a given energy service as a result of a percentage change in its price. Cross price elasticities, on the 
other hand, measure the change in quantity demanded of a given energy service X as a result of a change 
in price of energy service Y. The most common application of cross-price elasticities relates to transport 
demand; however, few ESMs explicitly use cross-price elasticities (Schafer 2012).1  
Determining own price elasticities, the focus of this paper, and their associated uncertainty for use in 
ESMs is challenging, as noted by Anandarajah et al. (2009) and by Sorrell et al. (2009). A key difficulty 
                                                          
1 The implementation of cross-price elasticities is described in the MICRO version of MARKAL/TIMES models (Seebregts et 
al. 2002) although no papers in the literature describe this model implementation for analysis. 
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in arises due to the type of elasticity factor required. Sorrell et al. (2009) usefully differentiates between 
the following elasticity types (where D is demand, ES is energy services, P is price) – 1) elasticity of D 
for ES with respect to P of ES, 2) elasticity of D for ES with respect to P of energy and 3) elasticity of 
D for energy with respect to P of energy. For ESMs, values for 1) tend to be required as demands are 
usually specified as energy services while much of the literature focuses on 2) and 3). In addition, 
studies often analyse short run elasticities while for ESMs undertaking longer term analysis, long run 
elasticities are more appropriate, to represent the effect of price changes over a longer period (5-10 
years), allowing for more radical shift in choices e.g. change in technology stock.  
Secondly, the range of estimates for different energy demands is large, with many of the studies using 
different estimation approaches (Sorrell and Dimitropoulos 2007). Differences also result from 
geographic location of studies, and the types of demands being assessed. For example, transport sector 
elasticities can vary depending on trip purpose, income group, spatial context (urban versus rural), and 
choice of alternatives (Litman 2013). Thirdly, elasticity estimates are based on historical observation 
using econometric approaches, capturing market imperfections and policy initiatives. Optimisation 
models however are forward looking, assume perfect market conditions and are often run with policies 
omitted (Boonekamp 2007). Finally, and related to the above point, models only provide a partial 
representation of the ‘real world’. The observed relationship between price and demand may be based 
on a range of choices that may not be present in the model. For a given elasticity, the demand response 
in a poorly specified model sector may therefore be significantly larger than observed empirically.  
Price elasticities in UK ESM analyses (most using the MARKAL model framework) have to date been 
based on a limited number of model-based sources (Kannan et al. 2007), reflecting the challenge in 
sourcing these type of data. Whilst these sources are presumably based on a review of the evidence, it 
is not possible to determine how they have been compiled. They are from different model types, and 
conceivably represent different types of price elasticities (as per the typology above). To date, based on 
the knowledge of the authors, these assumptions have never been critiqued or reviewed. The problem 
of attributing the source of these data has steered this research to undertaking a review of price elasticity 
assumptions, which is summarised by sector below. 
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2.1.2 Road transport price elasticities 
In the field of price elasticity estimation, the transport sector is the most widely studied. In recent years, 
the most comprehensive UK-based reviews for road transport include Goodwin et al. (2004) and 
Graham and Glaister (2004). Goodwin et al. (2004) reviewed 69 different studies, most of which 
focused on demand for fuel in car vehicles; however, a high proportion (20%) also included estimates 
of change in demand for travel given an increase in energy prices. The review focused on UK and 
comparable countries, with a large proportion (40-50%) of the estimates from US studies (n=63) and a 
similar number from European countries (18% of estimates were from the UK). An interesting 
observation was that price elasticities were lower in the US studies, compared to European-based 
analyses.  
Long run effects were always observed to be higher than short run effects (by a factor of 2-3), due to 
the greater ability (over a longer period) to shift to more efficient vehicles or different modes. The 
higher reduction in fuel consumption compared to vehicle-km (in Table 1) implies a shift towards the 
purchase of more energy efficient vehicles. The vehicle stock value, whilst more uncertain based on the 
limited number of studies reviewed, suggests that car ownership may also be affected by price increases. 
From a review of the international literature, estimates by Graham and Glaister (2004) are broadly 
consistent. Their review of elasticities as it relates to car travel demand draws heavily from a wide 
ranging review of the European literature by De Jong and Gunn (2001), while those relating to fuel 
consumption are based on a much larger international evidence base of 113 studies. 
Table 1. Estimates of price elasticities of demand for private road vehicles (Goodwin et al. 2004, Graham and 
Glaister 2004) 
 
Dependent variable Short term Long term 
Goodwin et al (2004) Mean Mean Range 
Fuel consumption -0.25 -0.64 0,-1.81 
Vehicle-km -0.1 -0.29 -0.63, -0.1 
Vehicle stock -0.08 -0.25 -0.63, -0.1 
Graham and Glaister (2004)    
Fuel consumption -0.25 -0.77  
Car-km -0.16 -0.26  
Car trips -0.16 -0.19  
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We have proposed a central estimate of -0.3 for use in the model, with a range of -0.15 to -0.5 (similar 
to that suggested by Goodwin et al. 2004). We recognise that the values in the review are using fuel 
prices, and that to use these values as a proxy for the cost of meeting car demand ignores that investment 
costs account for a larger share of costs in the model. Studies that include a generalised costs metric 
tend to have higher long run elasticities (~-0.7) but include a range of costs not included in ESME such 
as travel time costs, road pricing etc. (Litman 2013). 
For road freight, the conclusion in Goodwin et al. (2004), based on a limited evidence base, is that 
commercial vehicle operators are likely to be less sensitive to fuel price changes. This is because direct 
fuel costs are likely to be a smaller proportion of total freight costs, which are part of a broader 
manufacturing and distribution process. Goods have to be transported, and there is limited 
substitutability to other modes. The review by Graham and Glaister (2004) suggests that the 
observations outlined by Goodwin et al. (2004) are by no means definitive, that in fact road freight is 
not necessarily price inelastic although the evidence base, largely from North American studies, is very 
weak. They highlight the large variation, noting the likely causes being due to different estimation 
approaches, data used, type of freight, and definition of demand; however, understanding this variation 
is difficult due to the small number of studies. 
For ESME, it is assumed that that freight elasticities will be lower than for road passenger travel – a 
central estimate of -0.2 is assumed across MGV and HGV categories, with a range of -0.05 to -0.3, 
while LGVs are slightly more elastic, with a range of -0.1 to -0.35, with a central estimate of -0.25. 
These estimates are in line with those used in the Department for Transport’s National Transport Model 
(NTM) (DfT 2010). 
While much of the elasticity estimates for private road transport are derived from fuel price studies, 
public transport elasticities are typically based on fares. In a wide ranging review by Paulley et al. 
(2006), bus fare elasticity averages were estimated at around -0.4, -0.56 and -1.0 in the short, medium 
and long run respectively. For long run elasticities, the range was -0.85 to -1.32 (based on a much 
smaller sample of three studies). Earlier studies by Dargay and Hanly (2002) estimated lower long run 
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elasticities of around -0.62. In a review of transit elasticities, Litman (2013) cites estimates from UK 
studies that suggest fare elasticities of around -0.7. In one of these studies (by Dargay and Hanly, 19992 
and not reviewed directly for this paper) the importance of urban versus non-urban is once again 
highlighted, with the urban estimate range of -0.4 to -0.6, and non-urban range of -0.8 to -1.0. This 
reflects less reliance on buses, poorer service levels and greater feasibility of using cars as an alternative 
in non-urban areas. In ESME, a central elasticity assumption is proposed of -0.7, with a range of -0.5 
to -1.0. 
2.1.3 Non-road transport sector price elasticities 
Dargay (2010) estimates a long run price elasticity of -1.0 for passenger rail, stating that this value is 
well-supported by a large body of evidence. In the same analysis, elasticity values are disaggregated by 
journey purpose and distance. As for other modes, business and commuting demands are inelastic 
(around -0.5) while leisure / holiday travel is more elastic (<-1.0). Paulley et al. (2006) highlight the 
temporal dimension to rail travel, noting the more elastic demand at off-peak times than peak times 
(short run values of -0.65 and -0.42 respectively). By comparison, DfT use a central estimate of -0.7 in 
their modelling. For ESME, a central estimate of -0.8 is proposed, and a range of -0.6 to -1.1. To date, 
no studies have been found relating to rail freight. In the absence of evidence, we have assumed this 
demand to be highly inelastic;3 however, it could be that demand response for rail freight is relatively 
elastic, with many goods able to be transported by road.  
Elasticities for aviation demand are primarily based on studies that capture the change in demand in 
response to changes in fares. Estimates tend to vary significantly, again due to differences in methods, 
and because a large number of factors come into play creating a complex picture (Dargay et al. 2006, 
Litman 2013), including type of travel (business versus leisure), mode substitution and destination 
substitution. In a review by Dargay et al. (2006), demand was shown to be far more responsive to fare 
changes over time (as per other modes), with significantly higher price elasticities in the long run (2-3 
times higher than short run elasticities). Estimates in the range of -0.5 to -1.5 are typical from the studies 
                                                          
2 Joyce Dargay and Mark Hanly (1999), Bus Fare Elasticities. ESRC Transport Studies Unit, University College London 
3 The same approach has been taken for the marine sector. 
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reviewed, with average values at unity. In forecasting future aviation demand, DfT (2013) cite a range 
of fare price elasticities depending on the type of market and propose an overall elasticity of -0.6 for 
international travel, with strong differentiation between business and leisure travel in particular (-0.2 
for business, -0.7 for leisure). Domestic demand is assumed to be less elastic, with a value of -0.5, which 
is surprising given the assumed greater scope for substitution between modes (as suggested in other 
studies4).  For ESME, a central estimate of -0.6 has been assumed for international travel and -0.7 for 
domestic travel. The proposed ranges are based on DfT (2013) estimates and typical ranges cited in the 
Dargay et al. (2006) review, and by InterVISTAS (2007).  
2.1.4 Buildings sector price elasticities 
While the evidence base is much more limited for the buildings sector, there are a number of studies 
that provide a basis for estimates for use in a model. In a review of econometric studies by Sorrell and 
Dimitropoulos (2007), differences between long and short run elasticities were not observed across 
household sector elasticities, as observed in the transport sector. However, similar to transport sector 
demands, price elasticities tend to be inelastic (>-1.0). In addition, elasticities tend to vary with price 
level, with higher prices encouraging higher elasticities, and be asymmetric, with the response to 
increasing prices being greater than to falling prices. 
Guertin et al. (2003) estimated long run price elasticities for three categories of household energy 
services – space heating, hot water, and appliances and lighting, and across different income groups in 
Canada. The average elasticity for the combined services is estimated at -0.35, with low income 
household demand estimated to be 70% more elastic. Klein (1988) used data from 2000 US households 
to develop a model analysing household production and consumption of space heat, using a system of 
simultaneous equations to estimate the total cost of space heat, the share of energy costs in space heat 
production, and demand for the energy service. The analysis estimates short run elasticities for space 
heating demand (based on the costs of providing the energy service) of -0.25, and a long run elasticity 
of -0.47, stating that such estimates are in the range of other studies published at the time. The extensive 
                                                          
4 Based on Gillen, D.W, Morrison, W.G, Stewart, C (2003) Air travel demand elasticities: Concepts, Issues and Measurement, 
Department of Finance, Government of Canada (cited in Dargay et al. 2006) 
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UKERC-funded study on the rebound effect (detailed in Sorrell 2007, Sorrell and Dimitropoulos 2007, 
and summarised in Sorrell et al. 2009) provides a useful review of econometric studies on price 
elasticities for household energy consumption. Estimates for the rebound effect from OECD studies 
(including Klein 1988 and Guertin et al. 2003) from the review are reproduced in Table 2. The degree 
of confidence in estimates is stated as significantly lower than for the transport sector (where it is 
considered ‘high’).  
Table 2. Estimates of the Rebound effect for different household energy services (Sorrell 2007, Sorrell et al. 
2009) 
Energy service 
Range from 
evidence base 
‘Best guess’ No. of studies 
Degree of 
confidence 
Space heating 1.4-60%% 10-30% 9 Medium 
Space cooling 1-26% 1-26% 2 Low 
Other services 0-49% <20% 3 Low 
 
 
The evidence base points to the use of price elasticities (central estimates) of between -0.2 and -0.3 for 
space heating. In ESME, space heating is bundled with water heating and lighting (in the ‘dwelling’ 
demands). For other household energy services, a central estimate of -0.15 is assumed, reflecting fewer 
opportunities (and / or greater reluctance) to reduce cooking energy services and appliance use. For 
cooling services, this estimate is in line with the UKERC review (Sorrell 2007).  
The evidence base for commercial buildings is very limited. Different US studies (Paul et al. 2009, 
Bernstein and Griffin 2006) provide information on differences between commercial sector elasticities 
for electricity consumption; however, such elasticities reflect technical solutions to reducing energy 
consumption as opposed to reducing energy service demands (ESD), and are not appropriate to use in 
a model such as ESME. Firms in commercial building or public sector buildings may be able to reduce 
specific energy service demands, such as lighting and appliance use, through behaviour change 
programmes. However, for other energy services such as space heating and cooling, this is more 
difficult, with workplaces wanting to maintain specified levels of thermal comfort. Due to the lack of 
available data on ESD responsiveness to prices, a conservative central estimate of -0.1 has been assumed 
(with a range of 0 - -0.15). 
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2.1.5 Industry sector 
Elasticities for use in the model’s industry sector should represent the change in industrial output as a 
function of the cost of providing energy services for production (as model demands are a proxy of sector 
output). The implication of such a demand response is that the cost of energy services impact on the 
economics of production. In terms of carbon mitigation, this response differs from other sectors, in that 
it is not incentivising behaviour change but rather reducing production, or shifting production abroad. 
Determining elasticity factors to represent this relationship is contentious because energy services may 
account for a small proportion (or not) of overall production costs. In determining the elasticity factor, 
the value for each subsector needs to take account of the share of energy costs in the total costs of 
production, the competitiveness impacts on production (based on exposure to international 
competition), and the ability to relocate to other regions (where costs may be cheaper). Under carbon 
targets, the reduction in production could be attributed as carbon leakage, either through loss of 
competitiveness (production leakage) or through relocation (investment leakage). 
The difficulties associated with using price elasticities for industrial energy services are fourfold. 
Firstly, there is a need to understand fuel costs as a share of the overall costs of production, with those 
sector incurring higher costs more elastic to price increases.5 Secondly, increasing costs for industries 
that are more exposed to intense competition could have a larger impact in terms of production. Thirdly, 
there is an issue with characterisation of the industry sector in ESME. Data on supply side options to 
allow industry to reduce fuel costs are limited, and therefore the role of demand side response 
(irrespective of elasticity assumptions) may be overplayed. Finally, the data to characterise price 
elasticities is very limited. Where price elasticities are estimated for different industry sectors, these are 
in regard to industry response (through investment) to reduce fuel costs via investment in energy 
efficiency measures or fuel switching, features captured on via supply side modelling. 
Recent UK analyses using MARKAL (for example, Anandarajah et al. 2009) have used relatively high 
long run elasticity factors for industry. However, it is not clear what type of demand-price relationship 
                                                          
5 The Energy Intensive Users Group (EIUG) estimates that energy related production costs as a percentage of total costs 
currently amount to around 20-25% for the steel, paper, glass and cement industries, 40% for aluminium smelting and as 
high as 70% for industrial gases. (Civitas 2010, http://www.civitas.org.uk/pdf/EnergyPolicyApril2010.pdf) 
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such factors represent i.e. price response for energy demand or energy service demand. Given the poor 
evidence base, and the difficultly of introducing elasticity factors into an ESM for the reasons given 
above, price elasticities in ESME are assumed to be highly inelastic, using a value of -0.05, and thereby 
severely restricting opportunities for endogenous demand response. 
2.1.6 Summary 
The review of elasticity assumptions shows the significant variability in the nature of the evidence 
across different demands. While providing an improved basis for characterising demand response in 
ESME, it also highlights the value in using a probabilistic approach to capture this uncertainty. Another 
important feature of the studies reviewed is that elasticity values differ considerably when disaggregated 
demand categories are considered e.g. trip purpose / destination in aviation. This points towards the use 
of more highly disaggregated demands in ESMs in future analysis. The values summarised in Table 3 
below represent averaged demand responses, as elasticities are applied to aggregated energy service 
demands in ESME. Other assumptions related to the use of these values in ESME are described in the 
following methodology section. 
Table 3. Elasticity input parameters by energy service demand 
ESD Name Sector Low Central High 
Aviation Domestic Passenger  Transport -0.50 -0.70 -1.50 
Aviation International Passenger  Transport -0.40 -0.60 -1.00 
Rail Passenger (electric and diesel) Transport -0.60 -0.80 -1.10 
Rail Freight Transport -0.01 -0.03 -0.05 
Road Passenger Car (2 size classes) Transport -0.15 -0.30 -0.50 
Road Passenger Bus Transport -0.50 -0.70 -1.00 
Road Freight Goods Vehicle (heavy and 
medium)) 
Transport -0.05 -0.20 -0.30 
Road Freight Light Goods Vehicle Transport -0.10 -0.25 -0.35 
Maritime International Freight  Transport -0.01 -0.03 -0.05 
Maritime Domestic Freight  Transport -0.01 -0.03 -0.05 
Dwellings (3 density types - high, medium, 
low) 
Residential -0.10 -0.25 -0.40 
Appliances Residential -0.05 -0.15 -0.30 
Cooking Residential -0.05 -0.15 -0.30 
Air Conditioning Residential -0.05 -0.15 -0.30 
Commercial Floorspace Comm. / Public  sector -0.01 -0.10 -0.15 
Public Floorspace Comm. / Public  sector -0.01 -0.10 -0.15 
Industry (8 subsectors) Industry -0.01 -0.03 -0.05 
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2.2 Methodology: Modelling demand response in an ESM 
2.2.1 The ESME model 
ESME (Energy Systems Modelling Environment), developed by the Energy Technologies Institute 
(ETI), is a fully integrated ESM, used to determine the role of different low carbon technologies 
required to achieve the UK’s mitigation targets.6 The model has been used in this capacity by the UK 
Department for Energy and Climate Change (DECC) and the UK Committee on Climate Change (CCC) 
(CCC 2011, CCC 2013, DECC 2011). Built in the AIMMS environment, it uses linear programming to 
assess cost-optimal technology portfolios. The uncertainty around cost and performance of different 
technologies and resource prices is captured via a probabilistic approach, using Monte Carlo sampling 
techniques. The focus of uncertainty is on technology investment costs in the power and transport 
sectors, fuel costs and resource potential e.g. biomass imports.7  
The representation of energy demand sectors is typical of other ESMs, and shown in Table 3, alongside 
corresponding demands. The model endogenously determines how to meet these demands in the most 
cost-optimal manner, through investment end use technologies (including efficiency measures), 
production and supply of different energy forms, and via reductions in the demand for energy services 
(as described in the next section). In the household sector, a rich characterisation of low carbon 
technologies is provided, particularly for heat pumps, district heating (incl. infrastructure) and building 
fabric retrofit. The transport sector also incorporates the key low carbon technologies, and the different 
infrastructure required to deliver alternative fuels e.g. electricity charging infrastructure and hydrogen 
networks. The industry sector is characterised more simply, focusing on efficiency gains, fuel switching 
measures and carbon capture and storage (CCS). Transformation sectors (power generation, hydrogen 
production, biofuel production) represent the key low carbon technologies, and associated 
infrastructures (to enable inter-node transmission). Primary resource supply is characterised by 
commodity price and resource availability, with no distinction between imports and domestic 
indigenous production (except for biomass).  
                                                          
6 A full description of the model can be found at 
http://eti.co.uk/downloads/related_documents/ESME_Modelling_Paper.pdf 
7 ESME model version 3.1 with elastic demand extension has been used for this analysis. 
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2.2.2 Elastic demand formulation in ESME 
In the elastic demand formulation of ESME, the model computes a supply-demand (partial) equilibrium, 
where both the supply side options and energy service demands are endogenous. Endogenisation of 
energy demands is via user-defined demand functions, which allow them to be responsive to their own 
price. Based on economic theory (Equivalence Theorem), the equilibrium reached equates to the 
maximization of the net total surplus,8 defined as the sum of producer and consumers surplus, net of 
production costs (Loulou et al. 2005).  
Maximising net total surplus means that the model is no longer solely minimising system costs (as in 
the standard version of ESME) but rather capturing a broader metric, which includes a measure of 
societal welfare. In effect, it is going beyond the energy system boundary by capturing insights on 
consumers’ willingness to pay for energy services versus other goods and services. The maximisation 
problem can be written as follows (Loulou et al. 2005) –  
𝑀𝑎𝑥 ∑  
𝑖
 ∑  
𝑡
 (𝑝 (𝑡) ∙ [𝐷𝑀 (𝑡)𝑖
0 ]
−1/𝐸 
∙  𝐷𝑀𝑖(𝑡)
1+1/𝐸  /(1 + 1/ 𝐸𝑖)𝑖
0 ) − 𝑐 ∙ 𝑋                (1) 
                𝑠. 𝑡.       ∑ 𝐶𝐴𝑃𝑘,𝑖
𝑘
 (𝑡) ≥ 𝐷𝑀𝑖(𝑡)                    𝑖 = 1, … , 𝐼;   𝑡 = 1, … , 𝑇                 (2) 
                               𝐵 ∙ 𝑋 ≥ 𝑏                                                                                                             (3) 
Where equation 1 is an expression of the total surplus to be maximised. It expresses that system costs 
should be minimised, that is all supply side variables (X) and their associated costs (c) whilst 
simultaneously allowing for consumer surplus losses based on the cost (p) of demand side reductions 
(DM). Equation 2 specifies the requirement to meet energy service demands while equation 3 represents 
all other constraints in the problem. Demand functions provide the basic mechanism for modelling the 
price elasticity of energy service demands, and can be expressed as follows: 
               𝐷𝑀 𝑖,𝑡,𝑥
0 / 𝐷𝑀 𝑖,𝑡,𝑥  = (𝑝 𝑖,𝑡,𝑥
0 / 𝑝 𝑖,𝑡,𝑥)
 𝐸𝑖,𝑡,𝑥                                                              (4) 
Where DM is the energy service demand, p is the price of energy service demand, and E is the (negative) 
elasticity. (DM 0, p 0 are the reference demand and price for a given energy service demand). Crucially, 
                                                          
8 In this case, net total surplus represents the aggregate of producer surplus (gross profit, based on total revenue minus 
production costs) and consumer surplus (the opportunity gain of purchasing at a level lower than price one is willing to pay). 
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these demand functions can be approximated by using piece-wise linear functions, ensuring the 
mathematical programme remains linear, reducing complexity and ensuring comparable solution times. 
Demand curves are integrated into the model for each combination of end-use demand service (x), 
model year (t), and node (i). 
The first input to constructing the demand curve is the marginal price of an energy service demand (for 
a given node and period), calculated by running the model in its non-elastic formulation. This is the 
reference price around which the demand curve is built. Three further parameters are required to define 
the demand curve; first, the elasticity factor determining the responsiveness of demand to price, second, 
the number of steps to linearise the demand curve9 and third, the limit on the percentage demand change.  
 
 
2.2.3 Integrating elasticity values into the ESME model  
The strength of this analysis is using a probabilistic approach to capture the uncertainties across price 
elasticities. The demand elasticity ranges were implemented into the model as triangular probability 
distributions. The use of this probability distribution type reflects the limited spread of values from the 
literature review, allowing for use of a mode, min and max value, and an asymmetric distribution.  Other 
distributions were considered but deemed unsuitable due to the need for more data points, or simply 
due to practical problems of non-compatibility in the ESME model framework. Elasticity values, for all 
demands, were considered to be symmetrical (increase / decrease at same rate for a given price change) 
although in practice, under a low carbon analysis, prices tend to increase resulting in response in one 
direction, a demand reduction. Elasticity values were also held constant over time, assuming that 
consumer response to price is not affected in future years by other factors, such as the impact of price 
increases across other non-energy goods, changes in income etc. 
                                                          
9 The greater the number of steps used to linearise the demand curve, the closer the approximation to the non-linear form, 
and the greater the flexibility of the model in terms of incremental movement up and down the curve. However, model 
testing shows that after a certain point, increasing the number of steps does not discernibly impact on demand response 
choice. 
16 
 
Prior to sampling probability distributions in AIMMS using a Monte Carlo approach, some of the 
energy services were correlated, to reflect that specific demands broadly provide the same energy 
services to the same population groups, and therefore elasticity value should not diverge significantly. 
This was the case for car demands (perfect positive correlation) and dwellings (strong positive 
correlation), where we would expect the behaviour of similar respondents (car owners, households) to 
be strongly correlated under a given simulation. Rail and bus demands were negatively correlated (to a 
moderate extent), to indicate that a high demand reduction is less likely across both demands under a 
given simulation. 
 
3. Results 
3.1 Model set-up and runs 
The analysis undertaken aims to analyse demand response under carbon constraints (CO2 emissions 
only). Three scenarios were set up - Reference, High Growth and Low Growth cases - all constrained 
to meet the UK’s 80% carbon reduction targets (relative to 1990 levels) plus interim targets (or carbon 
budgets) between 2020 and 2050 (DECC 2011). High and low growth cases were chosen to assess the 
role of demand response under different levels of target stringency (for example, a given target is much 
more stringent under a high demand case). Reference case energy service demands reflect UK 
government central projections for GDP, population and households, complimented by specific 
transport projections from the Department for Transport (DfT 2010) and industry projections from the 
Department for Energy and Climate Change (DECC). The Low and High Growth cases assume GDP 
growth rates of 2.1% and 3.4% respectively, compared to the Reference growth rate of 2.7%. 
For each scenario, the model was run deterministically without a carbon constraint, generating energy 
demand marginals to calibrate demand curves used in the elastic demand formulation. Correlated 
samples were generated from probability distributions for price elasticities using a Gaussian copula. 
Sampled values were then used in 500 simulation runs; the number of simulations adequately covering 
the uncertainty space were estimated based on the approach in Morgan and Small (1992) for a 95% 
confidence interval. For all three scenarios, uncertainty associated with other supply side input 
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parameters was switched off (held deterministic) in order to closely scrutinise the demand response 
uncertainty.  
3.2 Model results: Reference scenario 
Reference scenario results highlight that demand reductions under carbon constraints can greatly reduce 
abatement costs compared to a case where no demand response is modelled, as shown in Figure 1. Loss 
of welfare associated with demand reductions is estimated to be a lower cost mitigation intervention 
than many supply side options, reflecting an important trade-off. There is also an important temporal 
dimension observed, with higher demand response in 2030 and 2040, indicating that this is an important 
transition mechanism on the pathway to a lower carbon system, as stringency of emission targets 
increases and supply side technologies are not yet cost-effective. Under this perfect foresight modelling 
framework, the optimal deployment of demand reduction can be achieved. In 2020, while abatement 
costs increase, this actually reflects increasing use of demand response to avoid early deployment of 
low carbon technologies.  
 
 
Figure 1. Abatement costs for Reference case (average of 500 simulations) compared to a no demand response 
case. Red values denote change in abatement cost attributed to demand response. 
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While Figure 1 provides the average picture, what about the impact of price response uncertainty? 
Broadly speaking, demand response always plays a key role in reducing mitigation costs. For example, 
in 2040 demand reduction drives down abatement costs by between 22 and 26%, in 90% of cases 
(Figure 2). In 2030, the spread of reduction in abatement costs is greater but nevertheless implies a 
strong role for demand response in all cases. The key insight for policy is that measures that can affect 
behaviour have an important role to play in reducing mitigation costs, particularly during the period of 
transition to a low carbon system. This is also reflected by the marginal costs of abatement, which drop 
to £251 and £396/tCO2 in 2030 and 2040, compared to £346 and £479/tCO2 under the no demand 
response case. These reductions are of course predicated on the systems valuation of welfare losses 
associated with demand reduction – and how these compare to supply side costs, which in themselves 
can be highly uncertain (as discussed later).  
Driving the demand response under climate targets is the transport sector, reflecting both the greater 
sensitivity to price changes in the sector and the higher supply side costs of mitigation. Another 
important factor is also at play; the buildings sector has a much lower demand response as a result of 
the increasing use of low carbon electricity; on average, electricity use in buildings grows from 17% in 
2020 to 53% in 2050. Higher carbon prices do not therefore drive demand response in this sector as 
there is limited scope for further decarbonisation by doing so. In 2050, the transport sector accounts for 
83% of consumer surplus losses, the valuation of demand reduction in the model, compared to 15% in 
buildings. The industry sector accounts for the remaining share of demand response, at a very low level 
due to the assumption of demand being price inelastic. These shares are also observed across earlier 
time periods.  
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Figure 2. Distribution of reductions in abatement costs for Reference case in 2030 and 2040 (for 500 
simulations) compared to case with no demand response. 
A standard deviation of 2.5% for transport sector contribution to consumer surplus losses across all 
periods suggest that uncertainty associated with price elasticity does not strongly impact on sectoral 
contribution. Specifically, it is car demand where the highest share of consumer surplus loss is observed, 
although the uncertainties are more evident, with a 25 to 75 percentile range of 32-40%, and standard 
deviation of 5.5% (see Figure 3). For those simulations where car demand response is low (due to more 
inelastic price elasticities), other transport demands see increased demand reductions, broadly 
maintaining overall sectoral contribution. While car demand has the single biggest impact of any single 
demand, the cumulative contribution of all other transport demands is higher in the majority of 
simulations. 
 
Figure 3. Box-and whisker plot of the share of total system wide consumer surplus losses by transport subsector 
in 2050 
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The analysis strongly indicates that behavioural measures should be focused in the transport sector. 
While private car travel reduction features strongly in many simulation, other transport modes also 
feature where car travel demand is assumed more inelastic to price increases. For policymakers, this is 
challenging as it points to formulating behavioural policies in a sector considered quite intransigent to 
change. Actual reductions in energy service demands (in physical units) are shown in Figure 4. Car 
demand, an important driver of consumer surplus losses, has a relatively small reduction in demand 
compared to other demands. This highlights two features of car demand; it is the largest single transport 
demand so small reductions still have a big impact on the system, and secondly, the unit cost of car 
demand is higher than for other transport demands. This latter point is important, as it illustrates how 
important characterisation of the cost of energy service demand is in this type of analysis (for the 
calibration and valuation of demand response), including consistency in cost characterisation across 
demands. 
 
Figure 4. Box-and whisker plot of % demand reduction by transport subsector in 2050 
 
The demand reductions provide headroom for emissions growth, resulting in a shift in supply side 
mitigation (Figure 5). In 2030, reduction in demands reduce emissions from the transport sector, 
allowing for greater use of gas for heating in buildings. A reduction in the use of hydrogen in the 
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total emissions but a 15% swing in mitigation source type contribution. This swing illustrates the impact 
of demand response on supply side mitigation choices, in this case changing mitigation choice across 
15% of total emissions. A similar pattern is observed in 2050. Across the simulations, the pattern of 
supply side changes is relatively stable, reflecting the deterministic modelling of supply side 
assumptions. Under lower demand responses, the percentage swing reduces; however, the change in 
mitigation choices remains the same. These results provide an interesting insight into where technology 
options lie on the system wide cost curve, and the role demand reduction can play in shifting supply-
side mitigation down the curve, reducing marginal abatement costs.  
 
Figure 5. Difference in selected emission sources between Reference cases (on average) and equivalent without 
demand response case in 2030 
The analysis highlights that demand reduction allows for a more gradual, cost-effective transition to a 
low carbon system.  It means that the uptake rate of different low carbon technologies can be slowed, 
‘buying’ more time for technology development and infrastructure build. However, this should not be 
seen as a signal that complacency can be afforded in the transition but rather that strong behavioural-
based policies, if put in place, allow for a more cost-effective transition.  
3.3 Model results: Comparison with High and Low growth scenarios 
The High Growth scenario reflects increasing stringency of future emission reduction targets, resulting 
in a larger demand response in absolute terms (compared to the Reference case). This is particularly 
true in the earlier model periods (-43% in 2020, -30% in 2040), given the higher cost of supply side 
-10
-5
0
5
10
15
20
I6
f 
In
d
u
st
ry
 +
 G
as
 +
 C
C
S 
(O
th
er
)
IG
C
C
 B
io
m
as
s 
w
it
h
 C
C
S
I7
f 
In
d
u
st
ry
 +
 G
as
 +
 C
C
S 
(R
e
fi
n
in
g)
A
vi
at
io
n
 (
In
te
rn
at
io
n
al
)
I7
c 
In
d
u
st
ry
 +
 B
io
 +
 C
C
S 
(R
e
fi
n
in
g)
LG
V
 (
IC
E)
C
ar
 IC
E 
(A
/B
 S
e
gm
e
n
t)
C
ar
 IC
E 
(C
/D
 S
eg
m
en
t)
H
G
V
 (
D
u
al
 F
u
e
l D
ir
ec
t)
A
vi
at
io
n
 (
D
o
m
e
st
ic
)
B
u
s 
(D
u
al
 F
u
el
 D
ir
e
ct
)
C
o
o
ki
n
g 
(G
as
)
M
G
V
 (
H
yb
ri
d
)
O
C
G
T
M
ar
it
im
e
 (
In
te
rn
at
io
n
al
)
C
C
G
T 
w
it
h
 C
C
S
P
C
 C
o
al
 w
it
h
 C
C
S
I6
c 
In
d
u
st
ry
 +
 B
io
 +
 C
C
S 
(O
th
e
r)
G
as
 B
o
ile
r 
- 
H
o
t 
W
at
e
r
G
as
 B
o
ile
r 
- 
Sp
ac
e 
H
ea
t
H
2 
P
la
n
t 
(B
io
m
as
s 
G
as
if
ic
at
io
n
…
N
et
 e
m
is
ss
io
n
 d
if
fe
re
n
ce
 in
 2
0
3
0
, M
tC
O
2
22 
 
technologies, and the weighting of near term costs under the social discount rate. The spread of 
abatement reduction values is marginally wider than observed in the Reference case; however, the 
standard deviation from the mean is less than 2%, highlighting the key role for demand response in 
most simulations. In the low growth case, demand response plays an equally important role, despite the 
relative stringency of carbon reduction targets being less. Abatement costs reduce by over 30% in 2020 
and 2040, but are significantly higher in 2030 (+39%).  
The transport sector remains the key driver of consumer surplus losses under both the low and high 
growth case. In the high growth case, however, there is more uncertainty (albeit a small increase) 
concerning the sector’s contribution, with the building sector contribution on average higher with a 
larger range. Within the transport sector, the average level and range of road and rail transport demand 
responses increase compared to the Reference case (Figure 6). Higher carbon prices both drive larger 
demand reductions and give rise to greater uncertainty in transport subsector contribution.  
 
Figure 6. % demand reduction in 2050 by transport subsector across Reference and High Growth cases (Error 
bars indicate range) 
Road freight in particular shows a larger demand reduction on average, and a larger range of possible 
outcomes. The impact on consumer surplus losses is now not so predominantly driven by car demand 
reduction in later periods, with LGV / HGV demand reduction playing as strong a role in terms of 
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surplus losses reduces for cars (from 35% to 25%) and increases for HGVs and LGVs (7% to 15%, and 
12% to 17% respectively). While the wider spread of demand responses observed in Figure 6 reflect 
greater uncertainty with respect to where demand reductions may occur within the sector, the insight 
that it is the transport sector where most demand reduction will occur still stands, accounting for on 
average between 70-80% of consumer surplus losses observed across the time periods.  
The High Growth case shows that supply side trade-offs are much more pronounced for the power 
sector in 2050 and the transport sector in 2030; the reverse of this trend is observed in the Reference 
case. This results, from an even stronger focus on reducing costs in earlier periods, and therefore 
targeting transport in 2030. The difference in technology choices across simulations is limited, with 
relatively low deviation from the mean. Due to the higher demand response in the buildings sector under 
the High Growth case, a stronger impact on the electricity generation sector is observed. In 2050, an 
average 17% net reduction in generation in the High Growth case compares to 9% in the Reference 
case, and highlights that a range of low carbon technologies are not used as a result of a reduction in 
demand, particularly offshore technologies (Figure 7). Tidal and wave technologies appear in no 
simulations whilst offshore wind appears in less than 1% of simulations.   
 
Figure 7. Difference in electricity production by type between high growth and Reference CO2 reduction cases 
(average) and equivalent without demand response cases in 2050 
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4. Discussion 
Price-driven reductions in demand play an important role in ensuring a more cost-effective transition to 
a low carbon economy. Uncertainty concerning price responsiveness in different sectors can have some 
impact on the reductions in mitigation costs; however, this uncertainty does not weaken the key insight 
that demand response is always an important measure for emission mitigation. While demand 
reductions are observed across the transition pathway, they have a particularly strong role to play in the 
near to medium term, when the cost of low carbon technologies are still relatively high and their 
deployment is limited. There is therefore a persuasive case that government strategy should be more 
focused on demand side measures in the near to medium term, to allow for cost-effective rates of low 
carbon technology uptake. 
Another important policy insight is that the focus of demand response, from a system wide context, is 
the transport sector. The probabilistic approach allows us to conclude that this finding is robust, and is 
due to a number of reasons; firstly, the review of the literature suggests that transport demands are more 
elastic (in general), secondly, the costs of supply-side mitigation in the transport sector are higher and 
thirdly, with decarbonisation of the power sector a usual route for a cost-effective pathway, higher use 
of low carbon electricity in non-transport sectors reduces the carbon intensity of energy demand, in turn 
leading to a more limited role for demand response. Higher levels of demand response are observed in 
the transport sector where average carbon intensity of energy is higher. In a system where decarbonised 
electricity has high rates of penetration into the vehicle fleet, demand response may be more limited. 
However, preliminary testing of different low carbon system configurations does not necessarily 
support this premise. Further analysis is required here although one reason may be the high costs of 
additional transport system electrification (additional low carbon generation, infrastructure, vehicle 
costs) versus the welfare loss associated with demand reductions. 
The challenge for policy is how to achieve the observed reductions in the transport sector while not 
curtailing travel choices for the population. In addition, what are the costs of the policies needed to 
deliver these reductions, which are excluded from this analysis, and would this undermine cost-
effectiveness of such actions? Strong price focused policies will certainly be needed to deliver the 
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reduction levels observed, and are likely to be politically sensitive. With demands, such as aviation, 
hitting the reduction limit imposed in the model, there remains a question concerning what could be 
achieved in the real system, given the intransigence of habit, and limited alternatives depending on the 
geography and purpose of travel.10 While the analysis points to a strong tendency toward demand 
reductions in the transport sector, the specific subsector in which this occurs is less certain; as car travel 
demand price elasticities become increasingly inelastic, demand reduction in other transport sectors 
increases. This ensures that the aggregate transport sector demand response is always more than 80% 
of total consumer surplus losses. These uncertainties mean that understanding which transport 
subsectors are best to target with policy measures is challenging.  
The analysis also highlights some interesting trade-offs between demand side measures and supply side 
investments. In effect, lower demand creates emission headroom (relative to a case with no demand 
response), allowing for a more gradual uptake of low carbon technologies, and resulting in a more cost-
effective transition. This should not suggest that supply side focused policy need be less ambitious but 
rather that cost-effective opportunities can be realised by incentivising consumers to reduce demand, 
through price incentives / mechanisms as well as supply-side conservation and efficiency measures. 
Under more stringent targets, an even stronger role for demand reductions is observed. Key insights 
from the High Growth scenario are two fold; higher economic growth is going to make decarbonisation 
more costly, highlighting an even stronger role for cost-effective demand reduction measures to increase 
affordability. Secondly, technologies that are removed from the solution should just be indicative of the 
role in demand reduction reducing marginal abatement costs, not specific technology winners and losers 
(as discussed earlier). While not providing significant new insights, the low growth case does underline 
the strong role of demand reduction even under a less stringent carbon reduction case. 
5. Conclusions and Policy Implications 
The objective of this paper was two-fold; first to use more robust elasticity estimates via a literature 
review. The second was to consider the uncertainty associated with this important input parameter on 
                                                          
10 Goodwin (2007) notes that the evidence available is rich concerning reductions in car use up to about 20% or 
30%, but very sparse beyond that. 
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the model outputs. The review in this paper provides a stronger empirical basis for the use of price 
elasticities in ESME and other energy systems models. The international nature of the literature 
reviewed means these estimates can provide a useful basis for models in comparable OECD countries. 
However, from the review it is also evident that further primary research is needed to understand 
demand response across sectors, notably buildings, industry and transport freight.  
Estimates used in previous UK ESM analyses (with a poorly understood empirical basis) have tended 
to suggest the transport sector has a low demand response, with other sectors between 15-20%, 
including industry (AEA 2008, Anandarajah et al. 2009, AEA 2011). This analysis reveals some new 
and quite different insights – a stronger role for the transport sector, and for mitigation action in the 
near to mid-term (during the transition), as a cost-effective option which provides temporal flexibility 
in the deployment of new low carbon technologies. The review also highlights the difficulty in 
characterising industrial demand response in this type of modelling framework that only account for 
energy costs and does not consider competitiveness impacts. 
With regard to the second objective, the uncertainty across estimates used in this analysis does not 
undermine the critical aggregate role of this mechanism in climate mitigation, despite being wide 
ranging for some energy service demands. Uncertainties do give rise to differences in abatement cost 
levels, the role of different transport sectors, and supply side trade-offs are observed; however, the 
strong role for demand reductions is evident under most simulations, providing a robust finding for 
policy makers. Ongoing analysis suggests that introducing wider system uncertainties (on the supply 
side) has a limited impact on the role of demand response, reflecting that demand curves are calibrated 
to supply side costs (for each simulation), and are therefore always built around energy service 
marginals, calculated based on the relative costs of supply side options. Further analysis is required to 
understand what other uncertainties in the system, not currently captured in ESME, could result in lower 
demand response, and the extent to which system configuration (and transition pathways) entrench the 
critical importance of demand reductions. 
A number of themes for continuing research emerge from this paper. Firstly, further consideration 
should be given to how price elasticities are incorporated into ESMs. The literature review identifies a 
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wide range of price elasticities depending on the type of demand (e.g. business versus leisure), location 
of demand (rural versus urban), timing of demand (off peak versus peak) and demand groups (low 
versus high income). These distinct responses are at best averaged in this analysis, at worst leading to 
missed insights. Further research should re-consider the balance between demand disaggregation and 
generating new model insights. Secondly, further consideration should be given to modelling modal 
shift, to provide additional insights concerning whether transport demand for a given mode reduces or 
shifts to a different mode. This could be done via cross-price elasticities or using other mechanisms, 
such as through using time budget constraints and mode speed, capturing other aspect of travel utility 
(Schafer 2012).  
Thirdly, further research is needed across different sectors (primarily non-transport) on demand 
responsiveness to price and the absolute levels of reduction that could be feasibly achieved. In part, this 
could be down to the role of telecommunication as an alternative to travel (Mokhtarian 2002). The role 
of supply side model configuration e.g. high electrification pathway, should also be further analysed, to 
see what impact this might have on the uptake of demand reduction. Fourthly, the sensitivity of models 
to uncertainty should be tested, via sensitivity analysis, to explore where demand response uncertainties 
rank against other model uncertainties. This could be done via global sensitivity analysis, defined as the 
study of how uncertainty in the output of a model can be apportioned to different sources of uncertainty 
in the model input (Saltelli et al. 2008).  
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